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Towards Bi-Hemispheric Emotion Mapping through EEG: A
Dual-Stream Neural Network Approach

David Freire-Obregón, Daniel Hernández-Sosa, Oliverio J. Santana,
Javier Lorenzo-Navarro, and Modesto Castrillón-Santana

SIANI, Universidad de Las Palmas de Gran Canaria, Las Palmas de Gran Canaria, Spain

Abstract— Emotion classification through EEG signals plays
a significant role in psychology, neuroscience, and human-
computer interaction. This paper addresses the challenge of
mapping human emotions using EEG data in the Mapping
Human Emotions through EEG Signals FG24 competition. Sub-
jects mimic the facial expressions of an avatar, displaying fear,
joy, anger, sadness, disgust, and surprise in a VR setting. EEG
data is captured using a multi-channel sensor system to discern
brain activity patterns. We propose a novel two-stream neural
network employing a Bi-Hemispheric approach for emotion
inference, surpassing baseline methods and enhancing emotion
recognition accuracy. Additionally, we conduct a temporal anal-
ysis revealing that specific signal intervals at the beginning and
end of the emotion stimulus sequence contribute significantly
to improve accuracy. Leveraging insights gained from this
temporal analysis, our approach offers enhanced performance
in capturing subtle variations in the states of emotions. Code is
available at https://github.com/davidfreire/FG24-EmoNeuroDB/

I. INTRODUCTION

Emotion is a central aspect of human experience, pro-
foundly shaping our interactions and perceptions. While
humans naturally excel at discerning emotions in others,
replicating this nuanced understanding in computers remains
a formidable task [11]. Emotion recognition serves as a
crucial step towards imbuing machines with the ability to
comprehend and respond to human emotions, garnering
significant interest from researchers in human-machine in-
teraction (HMI) and pattern recognition [4], [12].

Traditionally, studies in emotion recognition have primar-
ily focused on analyzing verbal and nonverbal cues, such
as speech [10] and facial expressions [3]. However, recent
insights from neuroscience suggest that emotions originate
from various regions of the brain, including the orbital frontal
cortex, ventral medial prefrontal cortex, and amygdala [1].
This neurobiological perspective presents an intriguing op-
portunity to decode emotions by capturing continuous brain
activity signals from these sub-cortical regions.

In the context of virtual reality (VR), where subjects are
fully immersed in carefully crafted environments, under-
standing and recognizing emotions take on a new dimension.
By utilizing electrodes placed on the scalp to perform an
electroencephalogram (EEG), researchers can record neural
activity within the brain while the subjects interact with
virtual avatars displaying various emotion’s expressions. This

This work is partially funded by the Spanish Ministry of Science and
Innovation under project PID2021-122402OB-C22 and by the ACIISI-
Gobierno de Canarias and European FEDER funds under project ULPGC
Facilities Net and Grant EIS 2021 04.

approach offers a unique opportunity to directly observe the
neural mechanisms underlying the processing of emotions in
a controlled VR environment.

Analyzing EEG signals within the VR paradigm pro-
vides valuable insights into how the brain responds to
emotion’s stimuli in immersive environments. Existing EEG-
based emotion recognition techniques tackle two primary
challenges: feature extraction and accurate classification.
EEG signals offer rich data across time, frequency, and
time-frequency domains, necessitating robust feature extrac-
tion methods.

Previous works have already leveraged machine learn-
ing techniques evaluating EEG features, underscoring the
complexity of this task [6]. Subsequent challenges lie in
effectively classifying these features. In this regard, some
works have proposed a group of sparse canonical correlation
analysis for simultaneous EEG channel selection and emo-
tion recognition [15], while others integrated brain activation
patterns to enhance emotion’s recognition performance [8].

While these methodologies have demonstrated promising
results on specific EEG emotion’s datasets, there remains a
need for further exploration and refinement to achieve robust
and generalized emotion recognition systems. The proposed
methodology contributes to the field of EEG-based emotion
recognition in several significant ways:

• Incorporates a Bi-Hemispheric approach within a
two-stream recurrent neural network, leveraging the
distinct processing characteristics of each hemisphere
to enhance emotion inference accuracy.

• Conducts comparative analyses with one-stream neu-
ral networks, demonstrating the superiority of the
Bi-Hemispheric approach in capturing subtle nuances
of emotions.

• Conducts a temporal analysis of EEG signals, identi-
fying key temporal intervals (first and last intervals)
that significantly contribute to emotion classification
accuracy, enabling more efficient and precise emotion
inference.

II. RELATED WORK

Human emotions can be classified in two main ways [16]:
the discrete basic emotion approach and the dimensional
approach. The discrete basic emotion approach categorizes
emotions into specific states, such as the six basic emotions:
joy, sadness, surprise, fear, anger, and disgust [2]. In contrast,
the dimensional approach depicts emotions as continuous
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Fig. 1. Diagram illustrating the three-module stages for Bi-Hemispheric emotion recognition from EEG signals: Signal Pre-processing, Hemispheric Split,
and Signal Classification using RNN.

entities, often defined by three dimensions (valence, arousal,
and dominance) or simply two dimensions (valence and
arousal) [14].

In EEG-based emotion recognition, two fundamental com-
ponents stand out: EEG feature extractors and classifiers [6].
Former features are typically categorized into single-channel
and multi-channel varieties. Statistical metrics, power spec-
tral density (PSD), or differential entropy (DE) are among
the commonly employed single-channel features [13]. Con-
versely, multi-channel approaches aim to capture inter-
channel relationships, such as hemispheric asymmetry in
PSD and functional connectivity measures [8]. They often
rely on correlation, coherence, and phase synchronization
metrics to estimate brain functional connectivity. In contrast,
our proposed model prioritizes dual-channel features and
harnesses a recurrent neural network architecture to integrate
them effectively.

In this regard, EEG classifiers can be categorized into
two main types: topology-invariant and topology-aware [5].
The former, such as Support Vector Machines (SVM) or
Recurrent Neural Networks (RNN), do not consider the
topological structure of EEG features during learning [17].
In contrast, topology-aware classifiers like Convolutional
Neural Networks (CNN) and Graph Neural Networks (GNN)
take into account the inter-channel topological relationships
[7]. They learn EEG representations by aggregating features
from neighboring channels using convolutional operations in
Euclidean or non-Euclidean space [17]. However, existing
CNNs and GNNs struggle to capture dependencies between
distant channels, potentially overlooking crucial emotion-
related information [7]. More recently, RNNs have been used
to learn spatial topological relations by scanning electrodes
in vertical and horizontal directions [9]. Nevertheless, these
approaches fail to fully utilize the topological structure
inherent in EEG channels [17]. Topologically close channels
may seem distant in their scanning sequence. Our model
addresses this by partitioning both hemispheres and using
heterogeneous branches (non-shared weights). Prior to RNN
application, a Conv1D module handles the topological struc-
ture issue.

III. METHODOLOGY

The EEG signals recorded from each electrode i at a
particular time t can be represented as a continuous function
of time xi(t). In discrete form, the EEG signal can be rep-
resented as a sequence of samples xi[n], where n represents
the sample index.

Pre-processing steps. Three pre-processing steps prepare
the signal before extracting the frequency-domain represen-
tations.

1) Re-referencing to Mastoid Channels. Re-referencing
involves subtracting the average signals from mastoid chan-
nels A1 and A2 from each EEG signal. Let xi(t) denote
the EEG signal from electrode i and xA1(t), xA2(t) denote
the signals from mastoid channels A1 and A2 respectively.
The re-referenced EEG signal from electrode i is denoted as
xref
i (t):

xref
i (t) = xi(t)−

xA1(t) + xA2(t)

2

2) High-pass and Low-pass Filtering. High-pass and low-
pass filters are applied to the re-referenced EEG signals to
remove unwanted frequency components. Let xref

i (t) denote
the re-referenced EEG signal from electrode i and xfilt

i (t)
denote the filtered signal. The filtered EEG signal from
electrode i is denoted as xfilt

i (t):

xfilt
i (t) = HPF(LPF(xref

i (t)))

3) Filter Delay Removal. Due to the filtering process, a
delay is introduced in the signals. We discard the initial
samples from each filtered signal to remove this delay. Let
xfilt
i (t) denote the filtered EEG signal from electrode i and

xprep
i (t) denote the pre-processed signal after delay removal.

The pre-processed EEG signal from electrode i is denoted
as xprep

i (t):

xprep
i (t) = xfilt

i (t− delay)

After pre-processing, the EEG signals are denoted
as xprep

i (t). The frequency-domain representation obtained
through FFT is denoted as ϕi(f).

Frequency-Domain Representations. Let’s denote this
representation as ϕi(f), where f represents frequency.



ϕi(f) = FFT{xprep
i (t)}

This represents the Fourier Transform of the EEG signal
xprep
i (t). The magnitude of ϕi(f) provides information about

the amplitude of different frequency components present
in the EEG signal, while the phase of ϕi(f) provides
information about the timing/delay relationships between
these frequency components. These representations allow
for EEG data analysis in both the time and frequency
domains, enabling insights into brain activity patterns and
their associations with cognitive processes such as emotion.
Subsequently, the resulting data is segregated into left and
right hemispheres for further examination, represented as
ϕi(f) = ϕleft

i (f) ∪ ϕright
i (f). EEG data captured from elec-

trodes situated on the left hemisphere, including Fp1, F7,
C3, P3, O1, F3, T3, T5, Fz, Cz, and A1, is categorized
under the left hemisphere, ϕleft

i (f). Conversely, data obtained
from electrodes located on the right hemisphere, comprising
Fp2, F8, C4, P4, O2, F4, T4, T6, Fz, Cz, and A2, is
attributed to the right hemisphere, ϕright

i (f).
Classifier. The architecture comprises two parallel

streams, each processing EEG signals from different hemi-
spheres. Each stream starts with a 1D convolutional layer
followed by max-pooling and dropout regularization, with
a dropout rate of 0.5. The output is reshaped and fed
into a Long Short-Term Memory (LSTM) layer to capture
temporal dependencies. Another dropout layer is applied to
prevent overfitting before flattening the output. This pro-
cess is repeated for signals from both hemispheres. The
processed outputs are concatenated, and the concatenated
representation is passed through a fully connected layer with
ReLU activation and L2 regularization. Finally, a softmax
layer produces probabilities for the six emotion classes.
The model is compiled with categorical cross-entropy loss
and optimized using the Adam optimizer, with accuracy as
the evaluation metric. This architecture allows the model
to effectively capture temporal dynamics from EEG signals
in order to chose between the six possible emotions. The
loss function for the provided code can be expressed as
the categorical cross-entropy loss, commonly used for multi-
class classification tasks like emotion classification. Mathe-
matically, the categorical cross-entropy loss L can be defined
as:

L = − 1

N

N∑
n=1

C∑
c=1

yn,c log(ŷn,c)

Where:

• N is the total number of samples,
• C is the number of classes (in this case, 6 for the six

emotions),
• yn,c is the true label (one-hot encoded) of sample n for

class c,
• ŷn,c is the predicted probability of sample ϕn(f) be-

longing to class c as output by the model.

TABLE I
ACCURACY ON THE VALIDATION SET FOR EACH CONSIDERED

APPROACH.

Approach Competitionbase Mono-Hemispheric Bi-Hemispheric
Accuracy 19.4% 23.3% 28.9%
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Fig. 2. Confusion matrix for the dual-branch approach on the validation
set.

IV. EXPERIMENTAL SETUP

Dataset. The dataset consists of three sets: training, vali-
dation, and test, each serving specific purposes. The training
set comprises data from 20 subjects, while the validation set
involves 10 subjects. Only the training and validation sets
are labeled, with the test set reserved for contest organiz-
ers. It contains 720 rows of EEG signal recordings from
21 sensors positioned by the 10-20 International System.
Subjects express six fundamental emotions after a neutral
state. Each subject repeated each sample three times, with
recordings lasting approximately 15 seconds at a resolution
of about 300 Hz. The data is stored in two CSV files and
has undergone pre-processing, including high-pass and low-
pass filtering with cutoff frequencies of 1 Hz and 50 Hz,
respectively, a filter delay of 40 ms, and a main frequency
of 50 Hz. The sensor data units are measured in microvolts,
with the reference location set at the Pz electrode.

V. EXPERIMENTAL EVALUATION

The accuracy results on the validation set for each con-
sidered approach are presented in Table I. The baseline
accuracy provided by the competition organizers, denoted
as Competitionbase, is recorded at 19.4%. Subsequent en-
hancements are observed with the Single Branch approach
achieving 23.3%, while the Dual Branch model demonstrates
the highest accuracy at 28.9%. These findings indicate the
efficacy of employing a dual-branch architecture for improv-
ing emotion classification accuracy compared to both the
baseline and single-branch approaches.

When evaluating the dual-branch approach on the valida-
tion set, the confusion matrix provides valuable insights into



j j j j j j j j
Time interval

5
15
25
35
45
55
65
75
85
95

Ac
cu

ra
cy

 (%
)

Temporal Analysis
Mono-Hemispheric train
Bi-Hemispheric train
Mono-Hemispheric val
Bi-Hemispheric val
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the model’s performance across different emotion classes.
The confusion matrix, depicted in Figure 2, illustrates the
model’s predictions compared to the ground truth labels for
six emotions: anger, disgust, fear, joy, sadness, and surprise.
Each cell in the matrix represents the percentage of instances
predicted as one emotion class (rows) that belong to another
class (columns).

When analyzing the confusion matrix resulting from the
Bi-Hemispheric approach on the validation set (see Figure 2),
it is important to acknowledge the limited number of samples
available for training and validation, with only 20 subjects
in the training set and 10 subjects in the validation set, as
detailed earlier. Despite the small sample size, the matrix
reveals notable strengths in the model’s performance across
various emotion categories. Notably, the model demonstrates
commendable accuracy in identifying joy and sadness, with
53.3% and 40.0% of samples correctly classified, respec-
tively. Additionally, the model exhibits promising capability
in distinguishing between emotions such as disgust and
surprise, achieving 26.7% and 33.3% accuracy rates, respec-
tively. While there may be room for improvement, particu-
larly in accurately classifying instances of anger and fear,
the Bi-Hemispheric approach shows potential for effectively
capturing the underlying patterns in EEG signals associated
with different emotion’s states, even within the constraints
of a small dataset.

VI. TEMPORAL ANALYSIS

When performing a temporal analysis, the EEG inputs
were divided into eight intervals to classify each interval
separately. This temporal segmentation allows for a more
granular examination of the EEG signals, potentially captur-
ing transient changes in brain activity over time. Formally,
the division of the EEG signal into eight intervals can be

expressed as follows:

Intervalj =
[
j × total time

8
,
(j + 1)× total time

8

]
Where j represents the interval index ranging from 0 to 7,
and total time denotes the duration of the EEG signal.

Analyzing the training and validation accuracies of the
Mono-Hemispheric and Bi-Hemispheric approaches across
eight intervals (j0 to j7), as depicted in Figure 3, reveals
intriguing patterns in the models’ temporal performance. No-
tably, both approaches exhibit higher accuracy at the initial
and final intervals (j0 and j7), indicating robust learning at
the beginning and end of the temporal sequence. Intervals j1
and j6 notably stand out with notable validation accuracy for
both approaches. In particular, interval j1 demonstrates the
highest validation accuracy, highlighting the significance of
early temporal dynamics in accurately discerning emotion’s
states. For the Mono-Hemispheric approach, j1 achieves a
validation accuracy of 25.0%, while for the Bi-Hemispheric
approach, it reaches an even higher 28.9%. Similarly, interval
j6 also exhibits promising validation accuracy, with the Bi-
Hemispheric approach achieving 29.4% accuracy. However,
a noticeable decline in accuracy is observed in the middle
intervals (j2 to j5), suggesting challenges in capturing the
nuanced changes in EEG signals associated with varying
emotion’s states during these periods. While the Mono-
Hemispheric approach shows a more pronounced decline
in accuracy in the middle intervals, the Bi-Hemispheric
approach demonstrates relatively better performance, albeit
with some fluctuations. This discrepancy highlights the effec-
tiveness of leveraging information from both hemispheres in
capturing temporal dynamics, particularly during challenging
transition phases between emotion’s states.

VII. CONCLUSIONS

In conclusion, our study addresses the pertinent challenge
of emotion classification through EEG signals within the con-
text of the Mapping Human Emotions through EEG Signals
FG24 competition. Our proposed two-stream neural network
demonstrated superior performance to baseline methods,
enhancing emotion recognition accuracy when utilizing a Bi-
Hemispheric approach. Furthermore, our temporal analysis
revealed that specific signal intervals at the beginning and
end of the emotion stimulus sequence significantly contribute
to improved accuracy. Our approach effectively captures sub-
tle variations in emotion’s states, considering these insights.
Notably, in the test set of the competition, where labels
are not publicly disclosed, our Bi-Hemispheric approach
achieved an average accuracy of 22.78%, outperforming
the baseline method, which achieved an average accuracy
of 18.89%. Specifically, our approach exhibited improved
accuracy in classifying joy and sadness emotions, indicating
its efficacy in discerning nuanced emotion’s states. Our
proposed approach demonstrates robustness and potential ap-
plicability in real-world scenarios, promising advancements
in EEG-based emotion recognition.
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